ABSTRACT The application of IT solutions in medicine makes it possible to develop new, more accurate, and noninvasive medical diagnostics. The aim of this study was to propose this kind of solution. It enables the accurate assessment of vocal nodules in children while measuring glottal insufficiency. The input data includes voice and electroglottographic recordings of patients' voices as well as diagnoses made by practitioners. The recordings were parameterized and used to develop a classifier to assess glottal insufficiency of vocal nodules. The classifier was designed with the help of a genetic algorithm. The diagnoses established thanks to the classifier show a 92% agreement with those reached through medical examination. Such effective performance renders the classifier a useful noninvasive screening tool. We compared our method with Deep Neural Network classifier and the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) evolutionary algorithm. The solution that we propose offers a more accurate continuous diagnosis in comparison with the discrete diagnosis of a deep neural network as well as greater accuracy in relation to the CMA-ES algorithm. Another advantage of the proposed solution is the ease with which it can be implemented by healthcare professionals. A Visual Basic for the Applications (VBA) code for LibreOffice macro for the classifier is attached at the end of this paper.
I. INTRODUCTION
The aim of the study was to design a classifier that would enable the detection of vocal nodules and help to assess glottal insufficiency. Vocal nodules are a common laryngeal pathology in children, and their presence is always linked to glottal insufficiency. Vocal nodules manifest themselves as callous-like growths that occur most typically at the one third of the vocal folds, the site that is most prone to mechanical stress during phonation. Vocal nodules usually result from voice overuse or incorrect speaking patterns. Their common symptoms include persistent hoarseness that usually increases following excessive muscle tension. Boys are twice as likely to develop vocal nodules as girls because of their increased physical activity [1] - [7] .
When suspecting the occurrence of vocal nodules, a specialist will perform a videolaryngoscopic examination to
The associate editor coordinating the review of this manuscript and approving it for publication was Syed Mohammad Zafaruddin. evaluate the condition. However, videolaryngoscopic examination is not free from certain disadvantages stemming mainly from its low sampling rate in relation to the rate of vocal fold vibration cycles. Basic diagnostic procedures involve the use of PAL or SECAM cameras which determine the number of full frames per second; the standard rates are 50 or 60 fps with interlacing, or half the number with no interlacing. The normal vibration frequencies of the vocal folds in girls aged 6-10 are 281 Hz, whereas in boys they are 262 Hz [8] . The difference between the sampling rate (frames per second) and the vocal fold vibration rate during a videolaryngoscopic examination results in aliasing, making it difficult for the phoniatrician to establish a diagnosis and evaluate glottal insufficiency accompanying vocal nodules.
There are more accurate methods which enable the assessment of vocal nodules, including stroboscopy, where a strobe light is used to produce an illusion of the vocal folds moving in slow motion. This technique is effective only with regular vocal fold vibrations. However, in the case of pathological voice accompanying vocal nodules the method becomes problematic [9] . Other techniques involve the use of high-speed cameras. These include videokymography, which makes use of a high-speed camera (approx. 8,000 fps) to provide images of vocal fold vibrations [9] . The device used in this method is very expensive, which is why many hospitals rely on videolaryngoscopic examination for diagnostic purposes.
Diagnosis is established by a trained phoniatrician and therefore relatively subjective. Furthermore, it is an invasive procedure as it requires inserting a video laryngoscope into the patient's pharynx. With many patients, this kind of procedure is difficult or even impossible to apply due to a hyperactive gag reflex.
Solutions that are more convenient both for practitioners and their patients involve the use of advanced acoustic voice analysis and the analysis of electroglottographic signal (EGG). Their merit lies in their objectivity and noninvasive character. These objective techniques make use of acoustic voice analysis parameterized by a set of features. There are a number of parameters that are employed to evaluate voice and speech quality. Currently, COVAREP (A Collaborative Voice Analysis Repository for Speech Technologies) is one of the best implementations of voice acoustic parameters. Of all the available parameters, medical diagnostics make use of only those that provide essential information about voice quality. The difficulty lies in selecting parameters that will give an accurate picture of the progression of a patient's laryngeal disorder, with various voice pathologies such as vocal nodules, cysts or polyps. The detection of a voice pathology involves the analysis of sustained phonation of the vowel /a:/. The vowel is easy to produce as its formant patterns (envelope maxima) are distinctly different from those of other phonemes [10] .
The aim of the current study was to develop a noninvasive objective method of classifying vocal nodules and measuring glottal insufficiency using the most important acoustic parameters.
II. METHODS AND PATIENTS

A. DATABASE OF PATIENTS WITH VOCAL NODULES
Currently, there are two databases with recordings of pathological voice that also contain recordings of patients with vocal nodules: the Saarbrucken Voice Database (SVD) [11] and the Massachusetts Eye and Ear Infirmary database (MEEI) [12] . What distinguishes our database from SVD or MEEI is that it contains both voice recordings and EGG data for children with vocal nodules. Besides, neither EGG nor MEEI contains specific medical diagnostic assessment of vocal nodules.
A database of patients with vocal nodules (group 1) and a database of healthy children (group 2) were used to design the classifier.
The database of patients with vocal nodules was created in the Children's Memorial Health Institute between January 2014 and September 2015. It comprises voice recordings of 57 patients in the 5-14 age range. The average age of the examined patients was 8.7 years. The videolaryngoscopic examination for each of the patients was performed using a rigid laryngoscope Storz 8700 DKA, telescope 90 • , and Storz Telecam II. The parameters assessed by two phoniatricians in their description of the larynx images were as follows: the location of vocal nodules, (the one third or the midpoint of the vocal folds), nodule size on the scale of 1 to 3 (1 = small, 2 = mediumsized, and 3 = large), lesion contour (flat/protruding), symmetry (symmetrical/asymmetrical), and glottal closure (complete/incomplete). In the case of incomplete closure, the location of the glottal opening (anterior/posterior glottis, hourglass-shaped gap) and its size on the scale from 1 to 4 (1 = complete or almost complete glottal closure, 2 = small and medium-sized glottal chink, 3 = large glottal chink, and 4 = diagnosis impossible) were assessed. The scale used was devised on the basis of studies by Shah et al. and Nuss et al. [13] - [15] . All the patients with a confirmed diagnosis participated in voice and electroglottographic recordings. The voice database was created with the consent of the Bioethics Committee (133/KBE/2014) of the Children's Memorial Health Institute and in compliance with Polish law.
Group 2 comprises voice recordings of 37 healthy individuals in the 7.5-18 age range, 14 of which were produced in the Children's Memorial Health Institute, while 23 came from the Saarbrücken Voice Database (SVD). Both groups (group 1 and group 2) had a balanced make-up, with boys and girls in equal proportions.
SVD is a free online database holding a collection of voice and electroglottographic recordings of pathological and healthy voices. The database contains recordings of vowels /a:/, /i:/ and /u:/ pronounced with different intonations (normal, low and high pitches). The database was created at Saarland University (Institute of Phonetics of Saarland University) in Germany. 20% of the dataset was used to validate the trained classifier. One important reason to include SVD in the experiments was to check the repeatability of results.
III. VOICE QUALITY ASSESSMENT
Electroglottography is a noninvasive technique of monitoring vocal fold vibration by measuring the electrical impedance between the vocal folds. Below is a schematic (Fig. 1) illustrating the idea of electroglottography.
Electroglottography is a technique devised by Fabre [16] and further developed by Fourcin [17] and Frøkjaer-Jensen [18] . The schematic (Fig. 1) shows a sine wave voltage source with a 300 kHz to 5 MHz frequency range. It usually comes with a fixed value, determined by the manufacturer, which belongs to a given band. The electroglottograph used in the study featured a 2 MHz generator with a maximum VOLUME 7, 2019 interelectrode voltage of 1.5 V. The transformer T1 and the electrodes applied to the surface of the patient's neck form an amplitude modulator. As the vocal folds are vibrating, the impedance between them changes, resulting in amplitude modulation of the signal produced by the generator V1. The transformer T2 ensures impedance matching. Additionally, the transformers form galvanic isolation between the patient and the device. The circuit consisting of a diode D1, resistor R1 and capacitor C1 form an AM demodulator. Vegg represents an EGG signal. There are different types of commercially available AM demodulators. Fig. 1 shows a schematic representation of such a demodulator. Vegg shows the varying impedance of the vocal folds over time. Fig. 2 shows an example of an EGG waveform. It consists of four phases: the closing phase, the closed phase, the opening phase and the open phase. The analysis of the EGG signal was performed using CQ H (larynx closed quotient) as proposed by Howard [19] , [20] . This parameter shows the percentage of each cycle for which the vocal folds are in contact (the closed phase). The start point of the closed phase is defined as the peak value of the first derivative of the EGG signal. The end of the phase is defined as the point in the EGG signal at which the signal strength exceeds the threshold level, i.e., 3/7 of the maximum amplitude of the signal within one cycle. CQ H is normalized in relation to the glottal cycle and its dependence on F0 is limited [19] - [ 21] . During the recording, the patient phonated the vowel /a:/ three times with a sound pressure level of 60 -80 dBA, 1 m from the microphone, for a sustained period of at least 4 seconds. Following that, the patient was made to briefly strain his/her voice by reading out a few sentences, and then again to phonate the vowel /a:/ three times. The last sequence was used to assess vocal fold vibration and voice quality for more reliable phonation. All the patients phonated in a neutral way. Phonations with higher or lower F0 values were excluded from the analyses. Each recording was 2 to 3 minutes long.
2) CQ H PARAMETER
B. CALCULATING ACOUSTIC PARAMETER VALUES
The voice recordings were made using a microphone supplied with the electroglottograph. To estimate changes in voice quality of patients with vocal nodules, the following parameters were calculated: Peak Slope (PS) [22] , H1H2 -the ratio of the first harmonic energy F0 (H1) to the second harmonic energy (H2) [23] , Normalized Amplitude Quotient (NAQ) [24] , Parabolic Spectral Parameter (PSP) [25] , Quasi Open Quotient (QOQ) [26] , Cepstral Peak Prominence (CPP) [27] , Harmonic Richness Factor (HRF) [28] , R d shape parameter of [29] the Liljencrants-Fant (LF) glottal model [30] (RDS), and Maxima Dispersion Quotient (MDQ) [31] . Ultimately, four of the aforementioned parameters -Peak Slope, NAQ, RDS, and CQ H -were selected. The selection was based on the results presented in previous studies [22] , [32] , [33] . These parameters had been used to assess voice quality in Pompe disease, a rare genetic disorder, in agreement with phoniatric diagnosis. The parameters are defined as follows:
Peak Slope (PS)is a parameter that is effective in distinguishing between modal voice and tense voice or breathy voice. It is defined by the wavelet transform. The following definition of mother wavelet is used:
where
n Formula (1) shows the mother wavelet used to calculate the PS parameter value. The analyzed speech signal recorded with an x(t) microphone is decomposed through the use of convolution g
, where s i = 2 i , i = 0, 1, 2, . . . , 5. The result is a division into octave bands with a center frequency of 250 Hz, 500 Hz, 1 kHz, 2 kHz, 4 kHz and 8 kHz. Subsequently, a local maximum for each audio signal filter is calculated. The next step involves calculating the linear regression for the maxima. Peak slope has been shown to be robust to babble noise with a signal-to-noise ratio of 10 dB, which is critical in speech signal recordings. The results obtained in a study by Kane [22] confirm the parameter's reliability in distinguishing between modal voice and tense or breathy voice.
Normalized Amplitude Quotient (NAQ) is a time-based parameter of speech signal analysis. It is computed for each period of glottal flow using the following formula (2) [24] :
where A max = amplitude for each period of the signal, A min = lowest amplitude for each period of the signal, T av = the average fundamental period length, d min = minimum derivative glottal flow, and A ac = maximal flow of amplitude. The efficacy of NAQ in differentiating between phonation types was validated in prior works by Backstrom, Alku and Kane [34] , [35] , [24] , [22] . RDS is the R d shape parameter [29] of the Liljencrants-Fant (LF) glottal model [30] using the Mean Squared Phase (MSP) with the method based on MSPD2 [36] , [37] . The R d provides a one-dimensional parameterization of the Liljencrants-Fant (LF) model which describes the deterministic component of the glottal source. The algorithm for computing the parameter was presented and implemented in COVAREP [38] .
IV. THE CLASSIFIER
The initial stage involved designing a classifier that would take account of the four most important acoustic parameters. A classifier makes it possible to search for an expression enabling a diagnosis. Its components are obtained using a genetic algorithm. The general model of the classifier written in reverse Polish notation is shown in formula (3).
In formula (3), the variable y denotes an estimated value, o 1 ,. . . , o 7 are operators from the set {+, −, ·, }, f k1 denotes a function with parameter 1, f k2 denotes a function with parameter 2, f k3 denotes a function with parameter 3, and f k4 denotes a function with parameter 4. These functions are derived from a set of four functions: {ax + b, alog |b| x, ax b , ab x }. The k index, which is an additional function identifier, has a value of 0 or 1. The variable x denotes the value of a parameter.
The operators, functions and values of coefficients a and b are encoded in an individual's genome as binary numbers in two's-complement notation. The operators f 01 , f 02 , f 03 , f 04 , f 11 , f 12 , f 13 and f 14 are selected using a genetic algorithm.
Using a function from the set {ax + b, alog |b| x, ax b , ab x }, one can model a number of relationships. The linear function ax + b helps describe the linear relationships between explanatory variables and a dependent variable. The ax b function makes it possible to create a large number of various functions, such as polynomials, rational functions, etc. The logarithmic function alog |b| x and the exponential function ab x help create relationships described by the Weber-Fechner law [39] . Two bits were used to encode each kind of the f 01 , f 02 , . . . , f 13 , f 14 functions as there are four functions in the set of available functions. Two bits were also used to encode each kind of the o 1 ,. . . , o 7 operators. The coefficients a and b of the f 01 , f 02 , . . . , f 13 , f 14 functions were encoded using a binary integer in two's-complement notation. During the calculations, the number of bits in which the values of the a and b coefficients are encoded, is expressed as the parameter N . Another parameter defining the classifier is the maximum value of the coefficients a and b as denoted by A max . The value of the coefficients used in the f 01 , f 02 , . . . , f 13 , f 14 functions is defined by the following equations (4-6):
The value of W in equation (4) is encoded by the value of the coefficient (a or b), W B represents the binary value of the coefficient (a or b) encoded in U2, and A is the proportionality factor defined by equation (5):
The value of max N is the maximum binary number that can be encoded in N bits, is calculated as follows:
The genotype representing the classifier needs to be determined prior to the calculations. Considering the presence of both numeric features (coefficients) and model features (functions and operators), a genome comprising four chromosomes (numbered from 0 to 3) was created (Fig. 3) . Chromosomes 0 and 2 were used to encode function types (f 01 , f 02 , . . . , f 13 , f 14 ). Chromosomes 1 and 3 encode genes representing coefficients a and b for particular functions (f 01 , f 02 , . . . , f 13 , f 14 ) as well as operators o 1 , . . . , o 7 .
In Fig. 3 , a f lm denotes the coefficient a for the function f lm , while b f lm denotes the coefficient b for the function f lm . The index lm can assume values from the set 00, 01, 02, 03, 04, 11, 12, 13, 14}, as it represents the functions f 01 , f 02 , . . . , f 13 , f 14 .
A classifier performance is assessed with the so-called criterion function. It is defined as the arithmetic mean of module differences between the diagnoses computed by the classifier and the diagnosis made by practitioners (7) . The lower the value of the criterion function, the better the classifier [40] , [41] .
VOLUME 7, 2019 In formula (7), f ev denotes the criterion function of an individual, K is the number of patients, i means an i-th patient, y (i) is a diagnosis computed by the classifier for an i-th patient, and E v (i) is a diagnosis made by a practitioner. The search for the classifier was conducted on the population of a fixed number of individuals. These were picked for crossover using tournament selection [40] . The operation of the algorithm ended when no better classifier was found for a predetermined number of generations. The resultant classifier may need to be reduced because the results obtained with genetic algorithms usually involve certain irrelevant elements (e.g., some expressions nearly equal 0 or a constant value) [40] .
A. METHODOLOGY OF SEARCHING FOR DETAILED CLASSIFIER
To find a detailed classifier, computations were made for all four parameters (CQ H, PS, NAQ, RDS) for the patients in groups 1 and 2. It was found that it is important to retain in the training set the data of patients with diagnosis 4, i.e. diagnosis that does not unequivocally point to glottal insufficiency despite the presence of vocal nodules. When no patients with diagnosis 4 were used, the minimum value of the criterion function was approximately 1.5. For the purpose of training the algorithm, the diagnoses made by physician 1 were selected. The minimum value of the criterion function for this practitioner was lower than that for Practitioner 2. Seven bits were used to encode coefficient values. An increase in the number of bits did not produce a classifier with a lower criterion function value. Increasing the number of bits (16, 24 , and 32) resulted merely in increased computation time. Furthermore, a classifier operating with coefficients encoded on a small number of bits is characterized by low sensitivity to the accuracy of coefficient values. Table 1 shows a population of patients whose parameterized recordings were used to search for and validate the optimal classifier. Table 2 shows the input parameters that were used when searching for a classifier enabling the detection of glottal insufficiency.
Ten optimal classifiers were derived as a result of the conducted experiments. They are described in Table 3 . Each classifier was derived after a relatively small number of generations, and classifier no. 9 was derived in the first generation.
A stopping rule for 1,500 and 3,000 generations (genetic algorithm) was used to test the search for the classifier. However, this did not yield better results. Increasing the number of individuals in the population to 600 did not improve the value of the criterion function (Deep Neural Network).
V. RESULTS
The first assessment of the classifier performance was conducted by comparing the calculated diagnoses in the form of values rounded to their nearest integers with medical diagnoses. If a calculated diagnosis after rounding was identical to a medical diagnosis, we considered the assessment made by the classifier to be correct. In the case of a diagnosis with value 4, the only correct diagnosis is the one made by the classifier. This is because the practitioner was unable to provide a reliable evaluation of the extent of glottal insufficiency on the basis of videolaryngoscopic examination despite the patient having vocal nodules.
If a diagnosis calculated by a classifier differed from a corresponding medical diagnosis, it was collated with the detailed medical description from the patient's medical chart. If the medical description indicated uncertainty regarding the extent of glottal insufficiency and matched the diagnosis calculated by the classifier, the classifier performance was thought to be correct. If the reverse was true, the classifier was wrong.
The next step was to decide on the optimal classifier ( Table 3 ). The selection criteria included the minimum value of the criterion function and the number of correct results computed by the classifier that were consistent with the medical diagnosis. Classifier no. 1 showed the highest compatibility with a criterion function value of approximately 0.85. The formula for classifier no. 1 is shown below:
The expression including only the RDS parameter is shown in formula (9):
The mean value of expression (9) is 0.16. Therefore, formula (8) for classifier no. 1 is reduced by replacing the RDS terms with the constant 0.16. The ultimate formula for classifier no. 1 is shown below: All of the derived classifiers, shown in Table 3 , had a reduced value for the RDS parameter, as the expressions containing this parameter equaled 0 or had a small value (from 0.003 to 0.16 range). In all of the classifiers, logarithmic functions constitute the dominant relationship. This is an important fact because it points to the compatibility of classifier performance with the Weber-Fechner law.
The evaluation of the degree of glottal closure was performed by practitioners using videolaryngoscopic observation. A classifier should therefore combine the findings of medical observation with objective parameters through logarithmic relationships. Such relationships were obtained in all of the classifiers derived during examinations.
A. TESTING THE CLASSIFIER WITH OTHER ACOUSTIC PARAMETERS
A test was conducted to evaluate the performance of the genetic algorithm in which classifiers for different groups of VOLUME 7, 2019 algorithms, each containing four parameters, were created. All of the parameters are listed in the Voice Quality Assessment section. The groups did not contain CQ H, PS, NAQ or RDS. There were 15 such sets (a combination without repetition). The obtained results proved to be considerably worse. The classifiers either assigned the same diagnosis to each patient, or they diagnosed healthy individuals as sick. The minimum value of the criterion function for such classifiers was too high, ranging from 1.2 to 2.5.
VI. DISCUSSION A. COMPARISON WITH OTHER SIGNAL CLASSIFICATION METHODS
In order to validate the newly developed method we compared the results obtained using our classifier with those obtained with Deep Neural Network classifier (DNN) and state-of-theart evolutionary algorithms.
The DNN was trained with the Deep Learning Studio toolkit (https://deepcognition.ai). The neural network topology is shown in Figure 4 . The number of epochs was set to 600, the loss function was Poisson, learning rate = 0.01, epsilon 1E-08, and the optimizer was the Adagrad algorithm. In our first experiment we trained the DNN on the basis of data where the physician was able to diagnose the degree of glottal closure. The next experiment involved data where definitive medical diagnosis concerning glottal closure could not be established due to insufficient cooperation with the patient or where artefacts in the videofiberoscopic image made an accurate diagnosis impossible. We marked this kind of diagnosis as ''4.' ' The degree of accuracy of the trained model without ''4'' (training group) proved to be high (81.81%) but lower than that of the classifier presented in this study (92 %) ( Table 4) . In the next experiment including a diagnosis with ''4'', the obtained value of the accuracy parameter was higher, i.e. 86.67% (training group). Data containing a diagnosis with ''4'' are crucial for the training process as they reflect a real situation in medical practice.
Without such data the genetic algorithm-based classifier did not produce a satisfactory result, and the value of the accuracy parameter in DNN was lower by 4.86% points.
However, after detailed analysis of the data, it becomes evident that the deep neural network classifier cannot always provide correct diagnosis in the case of ''4''. That is to say, its diagnosis resembles that of a physician, i.e. it does not provide any significant information about the glottal closure. This is true for 26.31 % of the patients and is one of the reasons why the accuracy parameter in the validation group drops to 50%. Therefore, we proceeded to check the performance of the DNN trained with data without ''4'' and tested on data containing ''4''. It appeared that the DNN shows a tendency to classify a sick patient as a healthy one. Of the 26 patients with a ''4'' diagnosis, 11 were classified as healthy, which accounts for 11.70% of the total population. By comparison, in our classifier we had no such patients. DNN classifiers provide an alternative solution to the evolutionary algorithm. The results obtained with DNN also indicate the correct selection of features and their parametrization in vocal nodules. Nevertheless, our classifier ensures higher diagnostic efficiency with a ''4'' diagnosis. Increasing the number of epochs did not improve the DNN efficiency. During the training, the accuracy remains unchanged from epoch 500 onward.
For the purpose of the second validation test, CMA-ES [42] , [43] based calculations were made. It is a method which uses the Covariance Matrix Adaptation Evolution Strategy. Its main principle is to obtain the smallest possible cost function and population size. In our classifier, the genome remained unchanged (Fig. 4) , while the population size adaptation process itself was organized according to the CMA-ES principles.
However, the results proved to be far worse than in the case of the classic genetic algorithm. Initially, the experiments involving the use of CMA-ES showed an exceptionally long time needed to carry out the search for the classifier. In order to verify the result, we analyzed the behavior of the population, which involved analyzing the distribution of the coefficient values, discrete distributions of operator numbers and discrete distributions of function type by the set ax + b, alog |b| x, ax b , ab x . It was noted that the CMA-ES method preferred one type of randomly generated combination of the functions in the set and operators. That was not the case when the search for a classifier was carried out with a classic genetic algorithm, as the individuals representing different classifiers in a population represented different functions. It was also noted that where the individuals differed only in terms of their coefficient values, and the operators and functions in the set were identical, there was a group of individuals with very similar values of coefficients. Therefore, we conclude that in the case of our classifier the application of CMA-ES requires the development of an implementation that takes into account substantial qualitative differences between phenotypes.
The results we obtained are comparable with those achieved in the laryngeal disorder classification system [44] , a method that uses the stroboscopic effect to visualize vocal fold vibrations, yielding a low-noise image with no aliasing. However, this diagnostic technique is an extension of videolaryngoscopic examination, and therefore it is an invasive procedure. The method we propose, which makes use of acoustic parameters and the genetic algorithm-based classifier, displays a comparable degree of classification efficiency and can be employed to examine any patient. The classifier may prove to be a very useful tool for phoniatricians, allowing them to reduce the costs of equipment and examination.
The issue of acoustic analysis of vocal nodules in children has been addressed in studies by Halawa, Gramuglia and Valadez, of which only two considered vocal nodules in children [45] - [47] . Gramuglia et al. used the GRBAS scale and acoustic parameters (jitter, PPQ, shimmer, APQ, NHR and SPI) to evaluate the voice characteristics of 100 patients with vocal nodules. With regard to the control group, which also comprised 100 patients, the differences between the aforementioned acoustic parameters proved to be statistically significant with values higher for patients with vocal nodules than for healthy individuals [46] .
The studies in question show that the parameter values are different for patients with vocal nodules and healthy individuals, and they do not lead to establishing a general diagnosis. However, the study by Halawa concludes that acoustic analysis to assess the effectiveness of the treatment of vocal nodules can be a valuable tool in the diagnostics of vocal nodules [45] .
The paper [48] presents an acoustic method that enables a detection of vocal nodules and helps evaluate glottal insufficiency using acoustic and electroglottographic analysis. The obtained results are compatible with phoniatric diagnosis. In the electroglottographic analysis, glottal insufficiency was found in 54 of the 57 patients, i.e., in 95% of the patients. The acoustic analysis indicated glottal insufficiency in 36 patients (63%), which points to a higher effectiveness of the electroglottographic analysis.
The issue of voice pathology classification has been addressed in studies by Neto, Muhamad, Akbari, Fezari and Souissi [49] - [53] . As of now, only one study has directly addressed vocal nodules in children and the application of a genetic algorithm-based classifier [44] . None of the aforementioned studies enable a detailed diagnosis of voice pathology.
The study by Heris et al. [44] proposes a classifier based on SVM. It was developed by employing data from the Kay Elemetrics Disordered Voice Database [12] . Utilizing 12 features, the authors obtained a 91% accuracy regarding modal voice classification, vocal fold paralysis, polyps and vocal nodules. However, a classifier functioning in this manner only helps to identify a voice pathology while not making it possible to evaluate the severity of the disorder. In the course of our work aimed at developing a noninvasive diagnostic system of vocal nodules in children, we used both voice and electroglottographic recordings. Leveraging the studies by Kane et [22] , [24] , [38] , [32] , [33] , [34] , we selected parameters that would be effective for speech signal analysis. The resultant classifier enables a diagnosis to be established referring to the presence of vocal nodules, including detailed information about glottal insufficiency. The classifier makes use of three parameters: CQ H, PS and NAQ. Research findings [54] confirm that only a few parameters are needed to be able to effectively distinguish between a normal and pathological voice. To train the classifier, the authors used 35 normal voice samples and 35 pathological voice samples. All of the data comes from the Voice and Speech Laboratory database at the Massachusetts Eye and Ear Infirmary [12] . In a study by Ravindran et al. [54] , the genetic algorithmbased classifier selected five parameters and achieved an efficiency of 94.29% in distinguishing between normal and pathological voices.
The studies conducted to date [49] - [53] , [44] , [55] pertaining to the classification of voice disorders make good use of various methods of voice analysis and classification (neural networks, wavelet transforms, and genetic algorithms), but their findings have relatively limited practical application as a diagnostic screening tool.
The genetic classifier presented in this study is an original solution. It finds both functions and the values of relevant coefficients, which is a novel approach to classification based on genetic algorithms.
The classifier can also be used in diagnosing other conditions. It has an advantage of using a defined function that is easy to interpret. This helps to predict the function's behavior, which makes it distinct from the DNN.
The presented method enables noninvasive diagnosis of voice quality, which is particularly important for patients who cannot undergo a videofiberoscopic examination, as in the rare Morquio A syndrome, where such a procedure cannot be carried out due to the patients' atlantoaxial instability [56] . Also, signal parametrization was successfully used in study [57] to detect voice pathology in Morquio A syndrome. VOLUME 7, 2019 Appendix 1 of this paper contains a macro code for a spreadsheet in the free LibreOffice suite. To establish a diagnosis, patient voice parameters must be supplied as parameters in the spreadsheet of the given macro. Acoustic and CQ parameters are calculated with the free COVAREP repository. This particular solution enables any practitioner to perform noninvasive diagnoses in their office.
VII. CONCLUSIONS
This study presents a process involved in the classification of vocal nodules in children that makes use of a genetic algorithm. The presented parameterization of acoustic and electroglottographic signals employs the latest speech-processing algorithms [38] . The proposed classifier makes it possible to establish a detailed diagnosis regarding vocal nodules and the accompanying glottal insufficiency in agreement with medical diagnosis. The key advantage of the proposed method is its noninvasive nature as well as the possibility of its implementation by a researcher without the need to repeat the research work conducted by its authors. Experiments that involved the use of DNN and state-of-the-art evolutionary algorithms showed that it is possible to use them to assess the degree of glottal closure. However, the results indicate that their degree of diagnostic certainty is lower than that of the genetic-based classifier presented in this study. The study and its consent procedure were approved by the Bioethics Committee (133/KBE/2014) of the Children's Memorial Health Institute in Warsaw.
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